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Abstract—This work enhances the analysis of the student performance in 
the high education level. This model categorizes the features according to their 
relativeness to the teaching style and to the student activities on an Electronic 
Learning system. Several new features are proposed and calculated in each of 
these two categories/dimensions. This approach applies an extra level of ma-
chine learning that analyses the data based on a set of dimensions, and each di-
mensions includes a set of features. The prediction analysis is applied on each 
dimension separately based on a different classifiers. The best fitting classifier 
to each dimension ensures the enhancement of the local analysis accuracy and 
though enhances overall global accuracy. The accuracy of prediction of the stu-
dent is enhanced to 87%. This study allows the detection of the correlation the 
features in different dimension. Furthermore, a study is applied on the scanned 
text documents for extracting and utilizing the features that represent the stu-
dent uploads.  
Keywords—Data mining, education data mining; MOODLE; feature selection, 
correlation analysis; learning activities; pedagogical approaches; classification 
1 Introduction 
The analysis of the interaction between the student and the electronic learning sys-
tems has increased exponentially. The prediction of the student success is a common 
requirement for early detection of students-at-risk, and for providing a list of recom-
mendations to decision makers of the high education levels, like adding more attract-
ing materials. Systems like Moodle uses the web usage mining in analyzing the per-
formance of students in high education levels. Educational Data Mining (EDM) is the 
process of exploring the knowledge existing the several forms of educational data that 
is required in the critical decision making process. The aim of this process is to detect 
the relation between the performance of the student and the several inputs in the edu-
cation process. The educational inputs could involve several types like the nature of 
the taught modules, the teaching style and different activities applied on E-Learning. 
Every type of these educational inputs includes a set of patterns and rules that can be 
used in predicting the success opportunity of the students. Several approaches are 
applied to reach a high accuracy in predicting the success rate of the students. define 
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the problems that prevents the accurate generations of these and set approaching are 
proposed to solve these problems. The work in [1] studies the data imbalance prob-
lem, the number of failure students are usually less than the number of succeeded 
students. The work in [2] studies the variation of the types of the module and the 
variation of the student activities. Most important eLearning activities can be stated 
under the following topics: online assignments, online quizzes, SCORM packages, 
Library logs, and other resources like online labels and online files. The problem 
investigated in this work is enhance the accuracy of predicting the final grades of the 
students. The dependency on student performance only is not accuracy enough for 
classifying students according to their grades. The current research did not evaluate 
the tutor performance or the quality of the delivered contents. Students could perform 
badly in the module, not because the students are not diligent, but because the materi-
als of the module via the e-learning or the teaching style are not attractive. Also stu-
dents could lose the interest or feel disappointed if the resources of module are not 
added probably or added lately. On the other hand, every module could have a differ-
ent type relative to the other modules. Where modules can be grouped according to 
some common characteristics, such that every category can be classified according to 
its existing patterns. For example, modules like “entrepreneurship”, “legal and profes-
sional issues” and “computer Interaction” are of the same category. This category is 
dependent more on the reading capabilities of the students and the English writing 
talent on expressing their ideas. While modules like “Programming”, “Algorithms” 
and “data structure” are of different category. This category is dependent on the math-
ematics and computing capabilities together with the systematic thinking talent. The 
patterns in both categories are different from each other, and applying data analysis 
and mining on each one will have a positive impact on the accuracy of classification. 
2 Previous Work 
The work in [5] focused on the extraction of rules from eLearning systems using 
rare association mining techniques (RARM). Four mining association algorithms were 
compared; Apriori- frequent, Apriori –Infrequent, Apriori-Inverse and finally Apriori- 
Rare. The paper explored applying RARM to detect infrequent student behavior, it 
also stated that normal association roles (like Apriori algorithms) do not take infre-
quent associations into consideration, despite the fact that relatively infrequent associ-
ations could be of significant interest. Three students’ online activities were counted; 
assignments, quizzes and forums and the predicted final course grade. The paper re-
ceded roles extraction on variable types of association roles only, in addition no be-
havioral attributes were taken into consideration, which for sure could enhance the 
accuracy of predication. In [6] the author deals with variance of courses types and 
number of activities generated from eLearning systems, he detects the relationship 
between activities and resources in a certain course along with students’ final grades, 
he did so by applying different Multiple Instance learning techniques and results were 
compared. Although the research is well organized the main focus was on the tech-
niques, and not the data attributes, without mentioning the reason behind choosing 
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only three specific students’ online activities. The author in [7] started with a question 
if it is possible to predict student’s success enrolled in a course with a small dataset? 
And that datasets associated with students are considered small even if with a big 
number of students. Student attributes considered in this paper for prediction: gender, 
year of birth, Employment, status, registration, type of study, Exam condition and 
activities. 
Most of the previous work in studying the behaviour of the students over the aca-
demic period are based on several perspectives. The first perspective is partitioning 
the factors that are affecting the student behaviour according to the institutional and 
family support and degree the student awareness [8]. The second perspective studies 
the students who perform an improvement during their study in the university [9]. 
Another perspective is the addition of the external factorials like the economic status 
[10]. Finally, the current perspective adds, to the known factors, the interaction to the 
electronic educational systems [11].The current research trendsin this area examines 
the different activities performed by the student on the Electronic learning systems. 
The work in [11] studies the frequency of online interaction of the students. It studies 
the percentage of accessing the virtual classroom and discussion boards. The work in 
[12] provides an evaluation to the E-learning systems by categorizing the different 
factors that may affect the student performance. These factors are divided into six 
dimensions: system quality, service quality, content quality, learner perspective, in-
structor attitudes, and supportive issues. The purpose of the previous work is to gain 
the benefit of all factors that affect the student performance and build a machine 
learning model that enables the decision makers in altering the teaching methodology. 
None of the previous work builds a model that simulates the multiple dimensions of 
these factors. 
3 Proposed Solution 
The problem investigated in this work is to enhance the accuracy of predicting the 
final grades of the students. The dependency on students’ eLearning logs only is not 
sufficient enough for classifying students according to their grades. The current re-
searches did not evaluate the pedagogical attributes along with eLearning analysis.  
Students could perform badly in the module, not because they are not diligent, but 
because the materials of the modules via the e-learning or the teaching style are not 
attractive. Also students could lose the interest or feel disappointed if the resources of 
module are not added probably or added lately. On the other hand, every module 
could have a different type relative to the other modules. This work extends the cur-
rent research in the area of e-learning data mining process by detecting the correlation 
between three general areas. The first area is the module delivery on the e-learning 
system, the second area is the student performance and interaction to the delivered 
contents, the third area is the students’ performance in the final marks of the module. 
This work considering the fact that the factors that affects the student performance 
is semantically categorized into several dimensions. Although various research is 
applied make use of these dimensions [12], the predication model of the student per-
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formance do not consider this important fact. Ensemble methods that combines the 
results of various heterogeneous classifiers is a fitting tool to guarantee the enhance-
ment of the accuracy of utilized machine learning models [13].  Each classifier in the 
ensemble model could target one the dimensions of the learning factors. Which classi-
fier to be for each dimension is dependent on the nature of the data in this dimension? 
In this work, an assumption is considered that all classifiers could perform equally to 
all the dimensions. Figure 1 provides a picture of the proposed model that distribute 
the classifiers used in the ensemble technique to the data sets of each dimensions. 
This process of distribution is applied randomly in this work, the future work that is 
applied here is to use an evolutionary model like genetic algorithms to perform this 
distribution. 
  
Fig. 1. The proposed model for predicting the student performance based on the E-Learning 
log analysis. 
3.1 Population and Data collection 
This work considers two main dimensions that are influencing the performance of 
the students. These dimensions can be named as; student activities via eLearning 
(abbreviated as A), teaching style from pedagogical approach (abbreviated as T). 
Each dimension includes a set of features (factors); that describes the different charac-
teristics of each dimension. The aim of this work is to study the effect of these factors 
on determining the results of the students by utilizing data mining techniques. The 
features and the corresponding values of each factor can be listed as follows: 
E-Learning activities A: While trying to test the effect of e-learning frameworks 
on instructive results, this exposition endeavors to examine the instance of the local 
private university. A recently established university in 2005 is considered that has one 
of the oldest Learning Management Systems. The aggregate enrolment at the college 
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was 9228 understudies in 2016, and the enrolment extended nearly around this level 
in the earlier years. The e-learning framework at the University covers all modules 
over all resources. Materials are transferred week by week, and chiefly incorporate 
PowerPoint introductions covering the sessions about that week, and an instructional 
exercise sheet. Each student has a specific ID number, and the e-learning system uses 
that ID to track students’ usage, collecting data such as the number of times a student 
accessed a certain module, his/her enrolment date, the duration of using e-learning, 
and which materials the student accessed and/or downloaded. Also students could lose 
the interest or dispassionate if module resources are not added properly or lately. For 
academic purposes this data was made available, and coupled with the fact that the 
British University in Egypt has a well-established e-learning system, the university 
was chosen as the case study of this research. A total of 5 variables were selected to 
be included in the analysis, based on previous literature on the topic. The variables, 
their explanation, and previous literature in which they were used can be viewed in 
table 1. All variables were obtained from the British University in Egypt’s e-learning 
server, with the help of the E-learning Department. 
• Delay in enrolment to the module [0-100 days] 
•  Number of accessing the module and resources in the semester [0-100 times]     
•  Average number of accessing the module per week [0-10 times] 
•  Average time delay in accessing the lectures starting from the upload time[0-100 
days], 
• Average time delay in accessing the lectures starting from the upload time [0-100 
days] 
• Average time of uploading the assignment answers subtracted from deadline time 
[0-100 days]. 
Such data is collected from eLearning system log file and university database. 
Teaching style T: The style of teaching presented by the instructor could not be 
suitable for all students. For example, some student may like the use of the marker 
during the lecture, while others prefer using power points presentation. This type of 
data will be collected from the student evaluation form provided by the students by 
the end of the semester. The current researches have not evaluated the tutor perfor-
mance or the quality of the delivered contents along with the analysis of student data. 
Materials presentation is an important factor where the instructor could deploy the 
lectures properly, for instance if the lectures are uploaded simultaneously with labs or 
weekly or within the first week, or the lectures of the contents are not up to date with 
each session. The style of teaching presented by the instructor may not be suitable for 
all students. For example, some student could like the use of the marker during the 
lecture, while others will prefer using power points presentation. This type of data 
will be collected from the student evaluation form provided by the students in the end 
of the semester. 
Module nature M: The module nature reflects the direction of the module, wheth-
er it is scientific, mathematical, programming, or theoretical module. The module 
specification of the module includes the detailed information about the module in-
cluding the nature of the assessment like whether the assessments focus on the lab 
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tests, projects or unseen exams. The module specification also may include the topics 
covered by the module, the number of hours of the labs, lectures and tutorials. The 
distribution of the mark also reflects the focus of the module about the theoretical 
contents, laboratory contents or the mathematical contents. The module reading list 
can be recognized according to the category of the materials in the famous websites 
like Amazon, or from the local library like the library of the university or the school. 
The module nature could reflect the interest of the student and the points of strength 
and weakness of each student. Students may perform badly in a module, not because 
the students are not diligent, but because the materials of the module via the e-
learning or teaching style are not attractive. This will help the university decision 
makers to adjust the module according to the student needs and capabilities without 
ignoring the need of the industry. 
3.2 Data analysis 
The study is divided into two phases as shown in figure. The first phase combines 
the features of the two dimensions along with the student results in one data set. Then 
apply a set of feature selection techniques to detect the most discriminating features, 
the correlation among features, and patterns that infers the final performance of the 
student. 
The second phase in this study is to construct three different data sets based on the 
features of the three factors: student activities, the teaching style, and the content 
categorization. The features of the student characteristics factor (S) are common 
among the three data sets. For each data set, a set of classifiers are tested to select the 
most appropriate one whose classification accuracy percentage is the maximum. For 
testing a new student, the trained classifier specific to each data set is applied to pre-
dict the final performance of the student. If two classifiers lead to a certain prediction, 
while the third classifier got a different result, the final prediction goes to the majori-
ty. The utilized classifiers are neural networks, decision tree, support vector machine 
and Bayesian belief network.  
Finally, a comparison is conducted between the two phases according to the classi-
fication accuracy percentage. If the first phase shows a better accuracy percentage, 
this concludes that the correlation between the features of different factors is highly 
important in prediction of the students’ final performance. 
Table 1.  E-Learning activities variables 
Variable Explanation 
Student Grade The final grades for each module, across the 243 students. This variable 
is used as a proxy for measuring educational outcomes 
Number of Course Log Ins The total number of times a student logged into a module’s page on e-
learning during the whole year. This variable is used as a proxy for e-
learning usage 
School Leaving Grade The final high school grade for each student, in percentage terms 
Module Type Specifies whether the grade of the student belongs to a mathematical or 
a theoretical module 
Attendance Measures the overall attendance level of students by specifying whether 
the mandatory attendance policy existed 
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The summary statistics of the data can be viewed in table 2 below. The statistics 
show that the total number of observations is not constant across all variables, due to 
the fact that some data is missing across some of the variables, however this is not a 
problem, since the used software STATA is designed to automatically drop missing 
data. The total number of observations ranges between 3455 and 3000. The mean of 
the student grade variable is 53, which is equal to a C in the grading scale of the Brit-
ish University in Egypt. The values of the grades have a very wide range between 0 
and 98, given that the highest possible grade is 100. The average number of course 
log-in’s is close to that of the average of the grade, standing at nearly 49 times. How-
ever, the standard deviation differs greatly being 37, showing that the number of 
course log-in’s is less concentrated around the mean. This can be due to the fact that 
the data range of the number of log-in’s is wider, ranging between 1 and 379. The 
mean of the school leaving grade is significantly higher than that of the student grade, 
at 80% suggesting that students tend to perform better in high school than in universi-
ty. The mean of the school leaving grade is much smaller than the others, showing 
that the majority of the data centers around the high mean, suggesting that the majori-
ty of the students scored relatively high grades. The lowest reported grade is 63% and 
the highest is 105%. 
Table 2.  Summary statistics 
Variable Observation Mean Standard 
deviation 
Min Max 
Student grade 3,092 53.00356 14.80982 0 98 
Number of course log ins 3,000 48.88733 37.55451 1 379 
School leaving grade 3,247 80.58451 8.959488 62.9 104.9 
Module type 3,455 1.449493 .4975146 1 2 
4 Result Analysis 
This work studies the factors that affects the performance of students in the last 
year. The experimental work address a collective data set related to high education 
students. The collective data set includes all the subclasses/dimensions that categoriz-
es these factor into four main dimensions. The student, model, teaching style and 
student activity on E-Learning represents the categories of all the factors that may 
affect the student performance.  
The first step in this study it find out the main factors that are highly discriminative 
to the student rank classification. The statistical correlation between the ranking fea-
ture and the rest of the factors are measured as follows.  
 
Ranked attributes: 
 0.23085   5 School leaving Grade 
 0.07562   4 No of Log ins 
 0.01428   1 Faculty 
 0.01317   3 Module 
 0.00753   6 Module Type 
 0.001     2 Cohort 
     0.001     7 Attendance 
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It appears that the school leaving grades possess the highest correlation to the rank-
ing feature, followed by the number of log in to the educational system [E-learning]. 
On the other hand, the student attendance appears to be of the lowest discriminating 
effect. The School leaving grades reflect the dimension of the student characteristics 
and original behaviour. While the no of log in reflects the degree of the student inter-
action related to the E-Learning division. This proves that a single dimension is not 
enough to reach an accurate prediction of the student performance. And provides an 
evidence that the data analysis of this field must compromise all the factors but with 
putting into consideration that these factors are categorized. 
The second step is the classification of the data features against the ranking feature. 
The classifier that shows the highest classification accuracy is the Naïve Bayesian 
network. Baysian models consider the univariate model of the input data set. This 
behavior shows that the data attributes are gathered from the different resources, so 
the dependency or the correlation between these attributes are decreases to minimum. 
Otherwise another technique like neural network, support vector machine or even the 
evolutionary algorithms. The accuracy percentage of this classifier appears as follows: 
  
Correctly Classified Instances        2647               87.0724 % 
Incorrectly Classified Instances       393               12.9276 % 
 
The accuracy of the classifier is calculated based on the number of instances pre-
dicted correctly to the total number of instances. The number of instances are equally 
categorized to ensure the fairness of the classification process. The confusion matrix 
of the classifier is as follows: 
 
=== Confusion Matrix === 
    a    b    c   <-- classified as 
  702   29   16 |    a = Top 25% 
   88 1293  132 |    b = Middle 50% 
   28  100  652 |    c = Bottom 25% 
 
The confusion matrix shows that the error rate in each category, where the error 
rate in the middle category is the highest. This is because the attribute values lies 
between the top and bottom class and this increases the confusion of the applied clas-
sifier. When the features Faculty, cohort, module and module type features are re-
moved, the classification accuracy appears to be the same. When removing the No of 
Log ins feature, the classification accuracy decreases to 86.25%, while when remov-
ing the high School leaving Grade, the accuracy is decreased to 49.76%. This pro-
vides an evidence that the student ranking is dependent mainly on this evaluation 
before joining the high education stage. 
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Fig. 2. The proposed model for predicting the student performance based on the E-Learning 
log analysis. 
Figure 2 presents the values of the current grades of the students and the corre-
sponding grades in high school and the number of login activities to the E-Learning 
system. These values are distributed over three ranking values (Top, Medium, and 
Bottom ranking). This chart shows that the high school grades are always higher than 
the current grades of the students. A low correlation appears between the number of 
login activities and the current and high school grades. 
5 Extended Results for Integration 
Another dimension that could have a great contribution to the Educational systems 
is the handwritten document detection [14,15]. The documents scanned and uploaded 
by students are saved in the Educational system as black-box where no use of the 
contents of these documents. The detection of the text could help on automatic mark-
ing of the contents and recording the results by the student records. This ensure online 
evaluation of the uploaded document, providing an appropriate feedback to each stu-
dent separately.  
Here in this work, the Line detachment regularly is put off to the division step. Di-
vision calculations endeavor to part an archive into pieces: pages into lines, lines into 
words, words into characters. These calculations create hopeful districts for recogni-
tion. Each word is validated by discovering its standard and turn it on its focus of 
gravity so that the standard winds up noticeably even. The resulted text is compared 
to the model answer and a reasoned-mark is resulted automatically online to the stu-
dents. The resulted mark is a feature, other several features could be detected like the 
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Fig. 3. A sample for the detection of an image of a handwritten word in Arabic.  
A general accuracy of about 95 % was found with this technique on an inside gath-
ered dataset. Preparing was done on 50 words each of manually written and machine 
printed pictures, and the testing information comprised of reports containing an ag-
gregate of 286 machine printed and 104 manually written words. 
6 Conclusion and Future Work 
This work extends the current researches in the area of learning analytics and data 
mining process by detecting the correlation between three general dimensions; the 
first dimension is the student activities via eLearning; the second dimension is teach-
ing style and finally student result. Data gathering phase is done for eLearning dimen-
sion and ready for analysis, Future work will include analysis of these dimensions and 
their results,  then other dimensions like demographic data and pedagogical attributes 
from open linked data will be included for further accuracy results. 
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